Abstract -High resolution estimates of bottom towed fishing gears are needed to provide relevant information for natural resource management, impact assessment and maritime spatial planning. The use of satellite-based vessel monitoring system (VMS) data is constrained by data access restrictions as well as rather coarse data resolution. This study focuses on mapping dredge gear fishing grounds using fishing effort estimates at the métier level based on automatic identification system (AIS) data. The performance of the approach was evaluated in terms of correct discrimination between fishing and non-fishing activities for known fishing positions as well as appropriate error propagation. The test was conducted in the Bay of Brest (France) in partnership with a committee of local fishers. The results identified dredge fishing grounds for great scallop (Pecten maximus) in the western part of the Bay of Brest and provided highresolution information for scientists and local decision makers on the spatial and temporal seasonal variability of fishing effort. The proposed method is semi-automatic and generic making it suitable for other applications.
Introduction
Estimates of the spatial distribution and intensity of fishing activities are necessary to provide relevant information for natural resources management, impact assessment (Boulcott et al., 2014) and maritime spatial planning (Tidd et al., 2014) . There is a need for a multi-scale approach (Dunn et al., 2016) , while access to high-resolution information is challenging, especially for small-scale fisheries (Breen et al., 2015; Gloaguen et al., 2016) . Since the European Union (EU) introduced the Vessel Monitoring System (VMS) (EC, 2002) , significant progress had been made regarding the use of this data for deriving fishing effort estimates (Piet et al., 2007; Lee et al., 2010; Hintzen et al., 2012; Russo et al., 2014; Tidd et al., 2014) . However, VMS data have certain limitations. Small vessels (<12 m) are not equipped, and VMS data analyses are usually conducted at a spatial resolutions ranging from 1 to 10 km because of the low reporting frequency. In addition due to confidentiality and commercial sensitivity, access to raw VMS data is restricted (Lee et al., 2010) , which hampers the use of VMS data based studies and publications (Hinz et al., 2013) .
In recent years, the Automatic Identification System (AIS), which was initially intended to improve ship safety and transmits at high frequencies, has provided a valuable source of information for analysing spatial and temporal distributions of human activities at multiple scales (Shelmerdine, 2015) . The AIS has been mandated by the International Maritime Organization (IMO) through the Safety of Life at Sea Convention (SOLAS) since 2002. The archived AIS data are relatively easy to access, which, combined with the growing worldwide coverage (H∅ye et al., 2008) , has recently opened research opportunities for mapping fishing activities at global (de Souza et al., 2016) , European (Natale et al., 2015; Vespe et al., 2016) and regional scales (McCauley et al., 2016) . All these studies described fishing activity by gear type.
Regardless of the data source (VMS or AIS), estimation of the spatial distribution and fishing intensity of commercial fishing generally follows four methodological steps: enrich data with qualitative information on the type of fishing activity (specifying gear type or métier), infer whether a ship is engaged in fishing activity, identify fishing grounds and estimate the fishing intensity on those grounds.
Neither AIS nor VMS data contain information on the type of fishing activity. Instead, gear type and métier identification for each fishing trip are determined by matching positions to logbook data using date and vessel identifier (Hintzen et al., 2012; Jennings and Lee, 2012; Russo et al., 2011) . Logbook records describe daily catch weight by species, gear type employed and effort (hours fished). Catch locations are recorded in ICES statistical rectangles consisting of a grid of 0.5°latitude by 1°longitude (Gerritsen and Lordan, 2011) . In the EU, gear types can also be identified from the European Union Fleet Register data.
Because position records are not explicitly associated with a specific activity pattern, the use of VMS or AIS data to identify fishing grounds and intensity depends on the ability to distinguish between fishing and non-fishing activities (e.g. steaming vs. stationary). Vessel speed is generally used to determine the fishing action (Campbell et al., 2014; Mills et al., 2007) . These methods, which rely on expert knowledge, consist of filtering ships positions using either a predetermined speed threshold or a speed that falls between an upper and lower bound. A review of related work using predetermined speed threshold is presented in Lee et al. (2010) for all types of fishing gear. Filtering is conducted based on the instantaneous ship speed contained in the raw data or from the average ship speed calculated between two successive positions. Gerritsen and Lordan (2011) showed that, depending on the data transmission frequency, the instantaneous speed and the calculated speed can differ greatly. Other methods rely on multivariate analysis of speed, deviation angle, trajectory tortuosity (Mills et al., 2007; Enguehard et al., 2013) or on data mining and machine learning approaches (Gloaguen et al., 2015; Joo et al., 2013) to improve fishing position detection. Gloaguen et al. (2016) found that speed through water was more constant than speed over ground generally used in these algorithms, though it did not improve the capacity of the classification algorithm to correctly detect fishing events.
According to Russo et al. (2013) , the term "fishing ground" is widely used in the literature, but no precise and commonly accepted definition exists for identifying these entities. As stated in Jennings and Lee (2012) , because the term can have important consequences, the criteria used to define a fishing ground must be explicit, especially in the context of maritime spatial planning. In numerous studies, fishing grounds are defined as the maximum extent containing the VMS positions of fishing vessels (Hintzen et al., 2012; Lee et al., 2010) . In contrast, Jennings and Lee (2012) suggested an alternative definition for fishing grounds as those areas in which dense fishing activities occur while Russo et al. (2013) suggested fishing grounds could also be defined as areas with the highest catches or areas with higher potential commercial value. In this article, we assumed that fishing grounds correspond to the spatial extent of high density fishing trajectories. Recently, Natale et al. (2015) used utility distributions based on kernel density estimators (Silverman, 1986 ) placing a decay probability function at each observed location which are then summed up. However, one of the main problems with pointbased kernel density estimators is that they rarely consider the temporal dimension and sequentiality of points in a trajectory (Dem sar et al., 2015) . Alternatively, sequentiality of measurement points is taken into account in line-segment kernels in two dimensions (geographic space) (e.g. Downs, 2010; Long and Nelson, 2012) or three dimensions (space-time cube) (Dem sar et al., 2014) .
This research focused on semi-automatic AIS data processing to estimate the spatial distribution and intensity of dredging métiers with high spatial resolution. In response to a request made by local fishermen, an experiment was conducted in the Bay of Brest. Located on the westernmost tip of Brittany (France) (Fig. 1) , the Bay of Brest is a maritime basin of approximately 180 km 2 where diverse human maritime activities occur (Gourmelon et al., 2014) , among which are commercial fishing dredgers. This fleet, composed of approximately 60 vessels, targets four main species: the great scallop (Pecten maximus), the warty venus (Venus verrucosa), the variegated scallop (Mimachlamys varia) and the flat oyster (Ostrea edulis). Since 1984, commercial bivalve mollusk resources in the bay of Brest are managed through specific spatial and temporal regulations in conjunction with a juvenile stocking programme managed by the Tinduff hatchery in cooperation with the local fishermen committee. Moreover, fishing vessels must own an annual fishing license for bivalve mollusks and must be equipped with an AIS transponder. This context provided a rare opportunity to study the potential of AIS data analysis as a proxy for fishing ground identification at the métier level (i.e., the association of a fishing gear type with a target species) for small vessels (<15 m). In addition to resource management and optimization issues, knowledge of the spatial and temporal distribution of dredging activities is essential because of their potential impact on marine habitats of community interest (Directive 92/43/EEC) such as maerl beds. Therefore our objective is to explore the feasibility of providing information on the spatio-temporal intra-annual fishing variability for dredge métiers from AIS data in the Bay of Brest.
Material and methods

Data
Five complementary data sets were used in this study: raw AIS positions, commercial landings, fish auction prices and regulatory data concerning the fishery opening dates and times (fishery calendar) and the identity of licensed fishing vessels (Table S1) .
Raw AIS positions were available for 2011-2012, but only from the AIS receiver located in Plouzané restricting the AIS spatial coverage to the western part of the Bay of Brest (Fig. 1 ). This spatial data limitation precluded identifying the fishing grounds for the warty venus, for which dredging occurs in the eastern part of the bay. However, the spatial coverage encompassed the great scallop fishing grounds.
AIS data contained dynamic information (ship position, course, speed and heading at each time stamp), static information (a unique ship identification number-the Maritime Mobile Service Identity (MMSI)-name, length, width) and voyage-related information (ship status, estimated time of arrival, etc.). The AIS positional data included all ship categories (cargo ships, tankers, passengers vessels, fishing vessels, etc.). Before use AIS positional data were filtered. AIS positions located on land were removed (spatial filter), and only AIS positions corresponding to fishing vessels with a valid fishing licence for dredge gear operations in the Bay of Brest (qualitative filter) during authorized fishing periods (temporal filter) were retained. The landing data set described the daily weights of nominal landings (in kg) of the four target species (great scallop, warty venus, variegated scallop and flat oyster), for each ship for the 2011-2012 season. The auction price dataset contained daily auction prices (in €/kg) for each species during the same period.
The fishing calendar provided dates and hours when dredge fishing in the Bay of Brest was authorised, while the vessel data set provided the names of ships with a valid dredging licence during the study period.
To validate the method complementary data gathering by onboard observers was carried out (validation data). The observers collected GPS positions during two fishing trips that occurred on 11-03-2015: one for warty venus dredging and the other for variegated scallop dredging. Great scallop dredging has been prohibited since 2014 due to persistent blooms of Pseudo-nitzschia, which causes amnesic shellfish poisoning (ASP); therefore, observation data for this métier were not collected. During these fishing trips, two discrete action modes were noted by the observers: "fishing" and "not fishing". To standardise observations, fishing behaviour was defined as dredges being underwater. The starting and ending times were reported for each fishing behaviour. GPS positions were registered at irregular time steps. In total, 1408 GPS positions were collected during warty venus dredging and 1,041 GPS positions were collected during variegated scallop dredging (Table S2) .
Method
The three steps of the approach aimed to: (i) identify and assign métiers for each fishing trip on a daily basis; (ii) differentiate between fishing and non-fishing activities; and (iii) identify fishing grounds and estimate local fishing intensities.
These steps followed the workflow shown in Figure S1 . The five data sets were stored in a Postgres Postgis database. Analyses were conducted with R software (R Core Team, 2016) .
Métier identification
The métier identification was based on daily landings reported for each vessel. Daily landings with a single species represented more than 80% of the total landings ( Figure S2 ). In this case, the daily métier can be easily identified through the combination of dredge gear and the identity of the landed species. For multi-species landings, daily métiers for each fishing trip were identified using Agglomerative Hierarchical Clustering (AHC) (Ward, 1963) . Assuming that fishermen aim to maximize revenue rather than landing volume, species composition was expressed in value. Due to large variations of auction prices during a fishing season ( Figure S3 ), daily auction prices were used for this instead of mean prices. The percentage in value (P i,j,k ) for vessel i (i = 1,...,61) of species j (j = 1,...,4) on day k of the fishing season (k = 1,...,84) was derived from landings in weight (W i,j,k ) and auction price (A j,k ):
The dissimilarity matrix between daily landings percentages was calculated using the Euclidean distance between P i,j,k . The AHC analysis was conducted with the Ward2 algorithm (Murtagh and Legendre, 2014) . The number of clusters was automatically selected to explain up to a predefined threshold of the total inertia (95% of the total inertia for this study). The mean value of P i,j,k (value p i;j;k ) was then calculated for each cluster. To select unambiguous clusters (clusters containing a clear representation of a target species), we only retained clusters where P i;j;k > 80% (this threshold was set a priori). The identified daily métier was linked to AIS positions using vessel MMSI and date.
Fishing activity identification
Fishing positions were identified based on vessel speed. Previous analyses of trips with on-board observers (Mills et al., 2007) showed that the speed density profile for trawlers consists of a multi-modal distribution that corresponds to discrete behavioural states. The speed density profile can be decomposed into three modes (low-speed peak, medium-speed peak and high-speed peak) corresponding, respectively, to near-stationary or embarking behaviour, fishing behaviour and steaming behaviour (Bastardie et al., 2010) . Assuming that the relationship between vessel speed and behaviour (fishing/ steaming) is similar for dredgers and bottom trawlers, the upper and lower speed bounds likely to correspond to fishing activities were estimated for each métier using automatic hierarchical clustering based on mixture models (Fraley and Raftery, 2002) . This method was selected because, in contrast to Natale et al. (2015) , no assumption was needed concerning the model and number of components that best fitted the data. The speed profile decomposition was performed using the Mclust package (Fraley et al., 2012) . First, the function parameters were automatically selected: the best model was identified maximising the Bayesian Information Criterion (BIC) (Schwarz, 1978) while the number of components was selected based on maximising the Normalized Difference in Entropy (NDE) index (Baudry et al., 2010) . Second, these parameters were used to decompose the speed profile with an Expectation-Maximisation (EM) algorithm initialised by hierarchical clustering for parameterised mixture models. Third, the resulting mixture model was plotted together with the speed profile to identify the cluster that best fitted the medium-speed peak values. Finally, using the lower and upper fishing speed bounds for each métier the AIS positions were assigned using a supplementary variable notated as "fishing" and coded as Boolean attributes (0: likely steaming, 1: likely fishing).
Fishing grounds and intensity estimation
First, before identifying fishing grounds, the existence of spatial aggregates of fishing positions not resulting from a random distribution was tested using a spatial KolmogorovSmirnov test (referring to a goodness-of-fit test of the uniform distribution) with the R Spatstat package (Baddeley et al., 2015) . Second, fishing segments (sub-trajectories) corresponding to at least three time-consecutive fishing positions were computed. To limit the spatial uncertainty, only those segments for which the time interval between two successive AIS positions (td ij ) was less than 600 s were retained (max (td ij ) < 600 s). Third, assuming that fishing grounds corresponded to a higher density of fishing activity, we computed the kernel density of fishing segments for different time windows (daily, monthly, seasonal). Here, the segment Kernel Density Estimation (KDE) was preferable for two main reasons. Because AIS data transmissions are related to vessel speed, a point-based KDE would illustrate the density of AIS transmissions rather than the fishing density distribution. Grid size (g) and the smoothing factor (h) were calculated using non-parametric estimation. The grid size (g) was determined by the 90th percentile of the distance between nearestneighbour AIS positions (kd = 2) (Hengl et al., 2008) . The smoothing parameter (h) was estimated using the LeastSquare Cross-Validation algorithm which minimizes the Mean Integrated Square Error (Calenge et al., 2009; Calenge, 2006) . Delimitation of the fishing grounds was performed by extracting the 95th percentile of the Kernel density. This threshold is usually used to define the home range of mobile animals (Powell, 2000) . To avoid unrepresentative fishing grounds and limit artefact, fishing areas (S a ) smaller than 1.5 Â 10 À2 km 2 (approximately a 125-m square) were not considered. Finally, we assessed fishing intensity expressed as the total time spent fishing (in hours) per unit area (in square kilometres) per unit time (a dredging season) (Lee et al., 2010) with the trip package (Sumner, 2015) . Global raster data analysis was performed with the raster package (Hijmans et al., 2015) .
Performance evaluation
The performance of the method, i.e. its ability to differentiate between fishing and non-fishing activities and propagate errors from the identification of fishing grounds to estimates of fishing intensity, was evaluated against the known fishing positions in the validation data set.
The comparison of known (i.e., observed) fishing positions to the estimated fishing positions was performed using a confusion matrix. The overall accuracy (A) and the Kappa index (K) were calculated to evaluate the classification accuracy (Kuhn, 2008) .
Fishing grounds and fishing intensities were computed from known fishing positions and with estimated fishing positions. The results were compared using the I similarity statistic (Warren et al., 2008; VanDerWal et al., 2014) . This global metric sums the pairwise differences between two predictions to create a single value representing the similarity of the two distributions (i.e., based on the spatial distribution and intensity of a variable). The I similarity statistic ranges from 0, where the two distributions have no overlap, to 1, where the two distributions are identical.
Results
Métiers
The AHC carried out on daily species compositions of vessel landings in value (P i,j,k ) identified six clusters of which three were dominated by a single species ( Figure S4 ). The three clusters dominated by a single species corresponded to the métiers great scallop dredging, Warty venus dredging and variegated scallop dredging. Vessel-days assigned to the three mixed species clusters were assigned to "other métiers" and not considered further. The majority of considered vesseldays (75%, 1,875 vessel-days) were assigned to the great scallop dredging métier. Warty venus dredging contained 20% (821) of vessel-days and variegated scallop dredging 5% (161) of vessel-days (Table S3 ). The Warty venus dredging métier contained the largest number of vessel-days for which the other two species contributed value to landings (74% of vessel-days assigned to this métier), whereas only around 13% of vessel days assigned to the great scallop and variegated scallop dredging métiers had landings from the other two species. Linking identified daily métiers and AIS positions resulted in 81,273 positions for great scallop, 2,394 for warty venus and 21for variegated scallop dredging. Almost all AIS positions (97%) corresponded to great scallop dredging. This result is due to the limited spatial coverage of the raw AIS database as explained above.
Fishing activity
Density estimation and classification for great scallop dredging speed profiles using a finite mixture model are shown in Figure 2 . Using the BIC criterion a mixture model with unequal variances between components densities was selected ( Fig. 2A) . The speed density profile comprised 4 components according to the NDE index (Fig. 2B) . The results of the speed profile decomposition identified the first cluster as 0-0.79 m s À1 , the second cluster as 0.80-1.82 m s À1 , the third cluster as 1.83-2.90 m s À1 and the fourth as 2.91-6.09 m s À1 (Fig. 2C) . Plotting the selected mixture model and the speed profile together (Fig. 2D) revealed that the second peak in the density of speed values which is likely to correspond to dredging was part of the second and third cluster ( Fig. 2D and Fig. 2E ). The lower and upper bounds of fishing speed for great scallops dredging were therefore 0.8 and 2.9 m s
À1
, respectively. Based on this speed range, 50,820 AIS positions (62.5% of the total positions for great scallops dredging) were classified as likely fishing positions.
Fishing grounds and intensity
The observed distribution of AIS positions for the great scallops dredging differed significantly from a uniform distribution (two-sided spatial Kolmogorov-Smirnov test of Complete Spatial Randomness in two dimensions, D = 0.274, p < .001). The input parameters for the kernel density of fishing segments were estimated as g = 25 m and h = 47 m.
Ten great scallop dredging fishing grounds were identified in the study area based on the 95th percentile of the kernel density of fishing segments for the 2011-2012 season (Fig. 3) . Among the ten fishing grounds, seven fullfilled the minimum area criteria (A > 1.5 Â 10 À2 km 2 ). The seven fishing areas were numbered by decreasing surface area (Tab. 1). Zone 1 lies in the centre of the Bay of Brest, zone 2 in the south, in Le Fret cove, zone 3 in the east, near Auberla'ch cove, zone 4 in the middle-western part of the bay, zone 5 in the middle-western portion of the bay between zone 4 and zone 1, zone 6 in the Surface area (S a ) in square kilometres (km 2 ), fishing duration (D f ) in hours (h) and fishing intensity (I f ) in hours per square kilometre (h km À2 ).
southeast, lastly, zone 7 in the northwest. Total fishing duration was estimated at 573 h for all fishing zones (Tab. 1). Great scallop dredging was mainly concentrated in zones 1 and 2 (192 h). Zone 3 represented about half of this duration with 99.1 h, and finally zones 5, 4, 6 and 7 with, respectively, 47.1 h, 35.6 h, 5.9 h and 1.6 h. The spatial pattern of fishing intensity varied between October 2011 and March 2012 (Tab. 1, Fig. 4 ). Most fishing took place during November and December 2011 (183 h each), representing 64% of the total duration. Overall fishing intensity ranged from 121.1 h km À2 for zone 2-53.5 h km À2 for zone 6 (Ĩ f ¼ 100:9).
Evaluation
The overall classification accuracy for the validation data set was 91% (K = 0.80) for vessels dredging for warty venus and 87% (K = 0.73) for vessels dredging variegated scallops (Table S4 and Figure S5 ). The misclassification rate was similar for the two métiers for steaming positions (5% and 3%), but higher for fishing positions for variegated venus dredgers (10%) compared to warty venus dredgers (4%).
However, these errors in fishing detection propagated little to errors in fishing ground identification and fishing intensity estimation. The estimated spatial distributions for both descriptors were close to the observed distributions according to Warren's similarity index (I Wv = 0.95, I Vs = 0.94 for fishing grounds and I Wv = 0.96, I Vs = 0.92 for fishing intensity).
Discussion
This study explored the feasibility of providing information on dredge fishing at a fine spatial scale using AIS data. To our knowledge, no previous study has used AIS data to assess the spatio-temporal distribution and intensity of fishing at the métier level. The fine resolution of fishing characterization achieved here is needed by local managers for resource management and conservation.
The study identified seven fishing zones where great scallop dredging in the Bay of Brest was concentrated during the 2011-2012 season. The estimated overall fishing duration was 573 h , mostly concentrated in two zones. During the first months of fishing (October to December, 2011), fishing intensity was mainly concentrated in the southern part of the area, which had been stocked with juveniles in the previous year. We speculate that fishermen prioritized this area because they expected it would contain a higher density of great scallops. We believe this result should be of interest to the fishermen commission for shellfish resources management to explain the Tinduff hatchery's activity (and hence the cost of fishing licences regularly questioned by fishermen), and for the strategy for stocking juvenile shellfish.
The study demonstrated the feasibility of monitoring dredge fishing intensity using AIS data in the Bay of Brest. Restriction scallops dredging due to excessive ASP toxin levels since 2014 would have resulted in increased fishing effort targeting the warty venus. This bivalve lives buried in coarse sediments including maërl beds. Such monitoring could evaluate to what extent the dredging effort has been shifted towards the warty venus, as the AIS spatial coverage has been improved in 2013 with a second AIS receptor now being located in the south of the Bay. The availability of quantitative fishing pressure estimates contributes to current research efforts aiming at estimating the potential impact of those fishing gears on coastal benthic habitats such as maërl beds in the Bay of Brest and elsewhere. Such indicators are also required for monitoring the ecological status of coastal habitats to comply with the UE Marine Strategy Framework Directive (MSFD) and the Habitats Directive (Directive 92/43/EEC) requirements.
The results of this study are promising but the application of the method depends on certain conditions and has a number of limitations. First, acceptance for providing landings data (i. e., personal data) is required; this data is needed to identify fishing métiers. Acceptance of onboard observers for complementary data collection depends on a strong collaboration with fishermen and their representatives. Second, availability of AIS data is a prerequisite for the analysis. In this study, the spatial coverage of the AIS data was limiting. Only AIS messages transmitted by vessels located in the western part of the Bay of Brest were collected by the single available AIS receiver. Consequently, we were only able to identify fishing grounds for one métier (great scallop dredging). Further, the analysis was conducted only for one fishing season, which does not allow any generalizations. Third, the limitations inherent to the nature of AIS data need to be considered. Indeed, although the AIS regulation is certainly clear for the dredge fleet (vessels under 12 metres) in the Bay of Brest, not all fishing vessels have to carry an AIS system under EU regulations. AIS data can also be incomplete (Robards et al., 2016) or be falsified, and AIS transmissions can be shut down. Because the raw AIS data also include personal information, analysis and results must guarantee a sufficient degree of anonymity.
The accuracy of fishing ground identification depends on the ability to differentiate between fishing and non-fishing behaviours. In this study a simple classification of positions based on speed was used. The evaluation of the accuracy of this method of differentiation was estimated based on two complementary datasets (two trips) for the two métiers -warty venus and variegated scallop dredging and cannot be considered as representative regarding the whole dredge fleet in the Bay of Brest (60 ships).
Data collection is time consuming and the number of sampled observations should -in theory -be sufficient to perform statistical comparisons. For this reason, the total number of trips used for comparison should certainly be increased in future studies. The difference in the median time interval between AIS positions (30 seconds) compared to those of the GPS positions (15 seconds) used for evaluating the method might have influenced our results. Evaluation of the method should be carried out with AIS data labelled from observations or with GPS data re-sampled to comply with the AIS median time interval. One disadvantage of the proposed method is its parametric selection of speed clusters corresponding to the medium peak of the speed density. Further work might consider an automatic alternative and evaluate whether the ability to differentiate between fishing and nonfishing behaviours could be improved using methods from the field of behavioural ecology (multivariate approaches) or machine learning (Vermard et al., 2010; de Souza et al., 2016) .
Fishing ground identification relied on kernel density estimation that considers the sequentiality of fishing positions in a trajectory. A possible next step is to consider whether fishing ground estimation could be improved through Utilization Distribution (UD) with Brownian Bridge Movement Models that assume random movement between positions (Buchin et al., 2012) or with 3D line-segment kernels that explicitly consider the temporal dimension in trajectories (Dem sar et al., 2014) .
Notwithstanding the caveats listed above, we believe that the proposed approach is complementary (Russo et al., 2016) to other sources of information such as VMS data or participatory mapping (Kafas et al., 2017) . In cases where data are scarce, the proposed method provides a potential solution for small-scale fisheries to estimate fishing grounds and fishing intensities at high resolution. The method was developed using free and open source software and is intended for dissemination within an R package. Further work might include data analysis over several years and with better spatial coverage to estimate the inter-annual variability of fishing grounds. This would also enable allocating dredging to spatial catches (landings), spatial effort (via fishing vessel characteristics from the European fleet registry) and seabed pressure (spatial effort linked to the size of the gear towed) (Eigaard et al., 2016) . By adding additional layers of fishing intensity compliant with local scales, trade-offs could be evaluated between socio-economic and conservation objectives using spatial optimization tools such as Marxan (Watts et al., 2009 ).
Supplementary material
The following supplementary material is available: Table S1 provides main characteristics of the datasets including AIS positions, landings, auction prices, fishing calendars and ships, Table S2 shows the descriptive summary of GPS data collection, Table S3 shows the classification of landings by dredge métiers, related AIS positions and daily fishing trips available in the raw AIS database, Table S4 shows the summary statistics concerning the evaluation of the method, Figure S1 shows the graphical overview of the three main steps involved in data preprocessing and analysis, Figure S2 shows the proportions of the weights of landings per boat and per species, Figure S3 shows the density and variations in auction prices during the 2011-2012 season for the target species, Figure S4 shows the results of the AHC carried out on P B i ;S j ;D k values and Figure S5 presents the spatial distributions of the observed and the estimated descriptors (states, fishing grounds and fishing intensity) for the variegated scallop dredging trip. The Supplementary Material is available at http://www.alrjournal.org/10.1051/alr/2017038/olm.
